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Abstract 
Hyperspectral unmixing is the key of hyperspectral remote sensing information processing. A novel semi-supervised 
hyperspectral unmixing method based on spectral libraries by enhanced sparsity is proposed, which adopts a 
weighted formulation of L1 minimization to represent the enhanced sparsity of fractional abundances vector. Tests on 
simulated data and real hyperspectral images are carried out for evaluating performances. The results indicate that the 
proposed method can improve the accuracy of hyperspectral unmixing. 
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1. Introduction
Hyperspectral remote sensing technology has opened new perspectives in many application domains,
such as environmental monitoring, geologic survey, agricultural production, disaster warning, urban
planning, and so on. The spectral signature of a pixel in a hyperspectral image is obtained from the 
reflectance values of that material for a specific range of wavelengths which can be in the order of 
hundreds [1]. Spatial resolution of hyperspectral image is often relative low to tens of meters, and several 
different materials jointly occupy a single pixel. Therefore, most of the pixels of hyperspectral image, 
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which called mixed pixels, contain more than one material (called endmember). The mixture problem will 
seriously influence the efficiency of hyperspectral remote sensing information processing. 
In order to improve the accuracy of quantitative hyperspectral remote sensing analysis, many 
researchers focus on the study of hyperspectral unmixing. In this paper, we propose a novel semi-
supervised hyperspectral unmixing method based on enhanced sparsity using spectral library. The method 
adopt a weighted formulation of L1 minimization to represent the enhanced sparsity of fractional 
abundances vector, which can improve the precision of hyperspectral unmixing model and the stability of 
model solution. Experimental results listed in section 4 indicate that, the algorithm of hyperspectral 
unmixing based on enhanced sparsity is more accurate than traditional sparse hyperspectral unmixing 
ones, with extra timing penalties. 
2. Semi-Supervised Hyperspectral Unmixing based on Spectral Library 
There are two models to analysis the mixture problem, named linear mixing and nonlinear mixing. The 
linear mixture model is the mainstream, which assumes minimal secondary reflections and multiple 
scattering effects in the data collection procedure, and hence the measured spectra can be expressed as a 
linear combination of the spectral signatures of materials present in the mixed pixel. Traditional linear 
hyperspectral unmixing methods always use two steps to unmix the mixed pixel: endmembers extraction 
and fractional abundances inversion [2, 3].  
Recently, with the development of sparse representation and compressed sensing technology, sparse 
hyperspectral unmixing becomes popular. Since 2009, a class of semi-supervised method based on 
spectral libraries of materials measured on the ground by special measurment instruments, has been 
proposed to simplify the unmixing procedure and improve the accuracy of unmxing [4]. While 
introducing the spectral library, the linear mixture model for each mixed pixel can be written as follows: 
y A nα= +                                                                                                                                              (1) 
Where A is a L×p matrix containing p spectral signatures,  is a p×1 vector containing the fractional 
abundances of the signatures in spectral library. 
α
As the number of actual endmembers is much smaller than the number p of spectra contained in the 
spectral library A, the vector of fractional abundances  is sparse. The prior α information of sparsity can 
be used to improve the precision of unmixing model and the stability of model solution. 
The unmixing problem is initially formulated as an optimization problem as follows: 
2 0
1min
2
y A
α
α λ α− + , s.t.                                                                                                   (2) 0α ≥
Where 
0
α is the L0 norm of ;α λ  is regularization parameter, controls the relative weight between 
the two terms;  is the abundance non-negativity constraint (ANC), which denotes the fractional 
abundances of the endmembers can not be negative. 
0α ≥
Formulation (2) is an NPhard optimization problem. Under certain conditions [5], the L0 norm can be 
replaced by the L1 norm, leading to the convex optimization problem.  
2 1
1min
2
y A
α
α λ α− + , s.t.                                                                                                   (3) 0α ≥
In order to solve the formulation (3), J. B. Dias had proposed a method of Sparse Unmixing by variable 
Splitting and Augmented Lagrangia (SUnSAL) [6], and M. D. Iordache, A. Plaza, etc. had introduced 
algorithms of OMP(Orthogonal Matching Pursuit), ISMA(Iterative Spectral Mixture Analysis), and 
TwIST(Two-Step Iterative Shrinkage/Thresholding Algorithm) [1]. Experimental results show the validity 
of these semi-supervised hyperspectral unmixing method based on spectral library. Howerver, L1 norm 
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cannot fully represent the sparsity of the vector of fractional abundances compared to L0 norm, because 
larger coefficients are penalized more heavily in the L1 norm than smaller coefficients. It is important to 
find out a convex solution more closely resembles the L0 norm than L1 norm, to improve the accuracy of 
hyperspectral unmixing. 
3. Method of Hyperspectral Unmixing based on Enhanced Sparsity 
In this paper, we adopt a weighted formulation of L1 minimization to enhance the sparsity of fractional 
abundances vector.  
2 12α
1min y A Wα λ α− + , s.t.                                                                                            (4) 0α ≥
Where , the weights .1 2( , ,..., )pW diag w w w= , 1, 2,...,iw i p=
Theoretically, the weights should be set inversely proportional to i  to counteract the influence of the 
signal magnitude on the L1 penalty function [6]. It is designed to more democratically penalize nonzero 
coefficients, both large and small coefficients. Unfortunately, the value of i  is unknown. We use an 
iterative reweighted L1 algorithm for constructing the appropriate weights. Each step of the iterative 
algorithm solves a convex optimization problem of formulation (4) by the algorithm of variable Splitting 
and Augmented Lagrangia [7]. The algorithm of hyperspectral unmixing based on spectral library by 
enhanced sparsity (HUES) is listed below, which can find a local minimum of a concave penalty function 
of model (4) that more closely resembles the model (2). 
α
α
Algorithm 1  Hyperspectral Unmixing based on Spectral Library by Enhanced Sparsity  
1. set k=0, , i=1,2,…,n., (0) 1iw =
( ) ( ) ( ) ( )
1 2( , ,..., )
k k k
pW diag w w w=
k
2. repeat
3.
2( 1) ( ) 1
12
1 ( ) ( )
2arg min n
k k
R
y A W l
β
β β λ β β
+
+ −⎧ ⎫
= − + +⎨ ⎬⎩ ⎭
3.1. set m=0, ( ) 1 ( ) 1( ( ) ) ( ( ) )k T kB A W A W Iμ− −= + 0, choose μ > , mmax, (0)β , (0)d
3.2. repeat
3.3.    ( ) 1 ( ) ( )( ( ) ) ( )k T m mu A W y dμ β−= + +
3.4.    ( 1) 1mx B u+ −=
3.5.    ( ) ( 1) ( )m mv x d+= − m
3.6.    ( 1) ( )max{0, ( , / )}m msoft vβ λ μ+ =
3.7.    ( 1) ( ) ( 1) ( 1)( )m m m md d x β+ += − − +
3.8.    m=m+1 
3.9. until m=mmax 
4. ( 1) ( )k mγ β+ =
5. ( 1) ( ) 1 ( 1)( )k kWα γ+ −= k+
6. ( 1) ( 1)1/( )k ki iw α
+ +
= ε+ , i=1,2,…,n 
7.  k=k+1 
8. until k=kmax 
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4. Experiments 
To evaluate the performances of proposed method, we conduct two series of experiments with 
simulated data sets and real hyperspectral images separately.  
In the simulation test, the spectral library A is consists of 439 spectra selected from USGS splib06 [8]; 
the noise term n in formulation (1) is generated by low-pass filtering samples of zero-mean independent 
and identically distributed (i.i.d.) Gaussian sequences of random variables, and the signal-to-noise-ratio 
( 210 log ( [ ] / )SNR E A E nα≡ 210 2 2 ) takes the values of 20, 25, 30, 35, 40, 45, 50, 55, 60, ∞  dB; for 
each considered noise level, we generated 64x64 mixtures containing random members from the library, 
and the fractional abundances were randomly generated following a Dirichlet distribution. 
SRE(Signal-to-Reconstruction Error) is used to measure the quality of hyperspectral unmixing.  
2
10 2
ˆ( ) 10log ( [ ] / )SRE dB E Eα α α⎡≡ ⎣
2
2
⎤
− ⎦                                                                                         (5) 
where E[x] stands for mean value of x,  is the real factional abundances and  is the computed 
ones. The experimental results are listed in Table 1. Each result is the average of 100 tests. We set 
mmax=200, kmax=3, , , 
α
0.
αˆ
0.1ε = 0.0005λ = 01μ = .
Table 1 Experimental results of simulated data  
SNR(dB) 20 25 30 35 40 45 50 55 60 ∞  
SRE of SUnSAL (dB) 3.427 5.892 8.498 11.068 14.277 18.812 22.089 24.968 25.467 26.998 
SRE of HUES (dB) 4.236 7.463 10.811 14.045 18.071 25.091 26.993 28.333 29.309 29.126 
Time of SUnSAL (sec) 0.044 0.044 0.041 0.043 0.043 0.043 0.041 0.042 0.041 0.043 
Time of HUES (sec) 0.523 0.515 0.521 0.518 0.515 0.517 0.516 0.516 0.512 0.513 
It can be observed that the accuracy of the results decreases at the same with the decreasing SNR for 
both methods. The algorithm of hyperspectral unmixing based on enhanced sparsity is more accurate than 
SUnSAL under any SNR condition. But it will introduce extra timing penalties of almost one order of 
magnitude. 
In the experiments with real hyperspectral data, we use a 250x191-pixel subset of AVIRIS Cuprite data 
set (as Figure 1.a shows), comprising 224 spectral bands between 400 and 2500 nm, with nominal spectral 
resolution of 10 nm. In order to decrease negative impact of atmospheric radiation effect, advanced 
atmospheric correction algorithms were carried out firstly to convert the input hyperspectral data from at-
sensor radiance to reflectance units [9]. Bands 1-2,105-115,150-170 and 223-224 were removed due to 
water absorption and low SNR in these bands, leaving total of 188 spectral bands.  
                
(a).  Subset of AVIRIS Cuprite data set                            (b).   Alunite                                            (c).  Chalcedony         
1868  WU Zebin et al. / Procedia Engineering 15 (2011) 1864 – 1868WU Zebin,et al / Procedia Engineering 00 (2011) 000–000 5
d.  Kaolinite/Smectite                            e.  hydroxyapatite-Apatite                             (f).  Erionite+Merlinoit          
Fig. 1 abundance maps obtained for 5 materials present in the subset of AVIRIS Cuprite data set 
We get the corresponding bands from the former spectral library of 439 spectra selected from USGS 
splib06 to compose the matrix A, and apply HUES to the hyperspectral image. Figure 1.b-1.f shows the 
abundance maps obtained for 5 main materials present in the image. The accuracy of HUES is verified 
comparing to the reference maps [10] of Cuprite mining district provided by USGS. 
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